Objective. Hospital services use, which is a major driver of total health expenditures, is expected to rise over the next decades in Europe, especially because of population aging. The purpose of this article is to better understand the dynamics of older people's demand for hospital care over time in a cross-country setting. Data source. We used data from the Survey on Health, Ageing, and Retirement in Europe (SHARE), in 10 countries between 2004 and 2011. Study Design. We estimated a dynamic panel model of hospital admission for respondents aged 50 years or more. Principal Findings. Following prior research, we found evidence of state dependence in hospital use over time. We also found that rise in frailty-among other health covariates-is a strong predictor of increased hospital use. Progression by one point on the frailty scale [0;5] is associated with an additional risk of about 2.1 percent on average. Conclusions. Our results support promotion of early detection of frailty in primary care, and improvement of coordination between actors within the health system, as potential strategies to reduce avoidable or unnecessary hospital use among frail elderly.
prevention among older people. From an economic perspective, reducing nonplanned hospitalization can lead to large savings. Previous research provided evidence that almost 5 percent of the hospitals' production costs were dedicated to the holding of reserve capacity to service this stochastic demand (Hughes and McGuire 2003) . The purpose of this article is to better understand the drivers of older people's demand for hospital care over time in a cross-country setting.
Modeling individuals' demand for hospital care in the elderly population is a complex process. Three key aspects must be taken into consideration. First, hospitalization should be modeled as a dynamic process. In Britain, previous research provided evidence that past hospitalization was associated with lower future length of stays in individuals' hospital use (Kohn and Liu 2013) . That hospitalization use should be modeled as a dynamic process was confirmed in Norway, were hospital readmission was lower for patients experiencing longer length of stays (Bjorvatn 2013) . Second, models should control for patterns of primary care providers' visits, as they play a central role in such hospital use dynamics. The quality of the care produced by general practitioners (GPs) in Norway was a key predictor of hospital use (Carlsen et al. 2007 ). Financial incentive schemes provided to GPs in Italy were associated with lower rates of preventable hospital admissions (Fiorentini et al. 2011) . Third, health covariates should include measures of frailty to get a more accurate assessment of older people's need for care. Frailty is found to be a strong predictor of higher older people's hospital use over time (McAdams-DeMarco et al. 2013; Ilinca and Calciolari 2015) .
Our original contribution is to combine these three key aspects to develop a comprehensive model of older people's hospitalization use over time. In the detail, we estimated a dynamic panel model of hospital admission for more than 7,500 respondents of the Survey on Health, Ageing, and Retirement in Europe (SHARE) in 10 countries between 2004 and 2011. Using the reference methodology defined by Kohn and Liu (2013) , we specified a dynamic model for hospital use.
Special attention is given to the assumption of state-dependency of medical health care to explain the dynamics of hospital admissions. We explore the role of visits to GPs in the explanation of the hospital use dynamic. We also explore to what extent hospital care is a substitute to specialist practitioners (SPs) service. We control for health by using a set of covariates, including a new measure of frailty (Fried et al. 2001 (Fried et al. , 2004 Lang, Michel, and Zekry 2009) since frailty is a transitional state from healthy aging to functional decline.
DATA
Source and Sample SHARE is a multidisciplinary and cross-national cohort of individual data on health, socio-economic status and social and family relationships of more than 80,000 respondents aged 50 years or older (Borsch-Supan et al. 2013) . Eleven countries contributed to the 2004 SHARE baseline study (Israel took also part in SHARE wave 1 only). They are a balanced representation of the various regions in Europe, ranging from Scandinavia (Denmark and Sweden) through Central Europe (Austria, France, Germany, Switzerland, Belgium, and the Netherlands) to the Mediterranean (Spain, Italy, and Greece). Further data were collected in 2006-2007 during the second wave of SHARE in these countries, the Czech Republic, Poland, and Ireland. SHARELIFE, the third wave of the project, was conducted in 2008-2009 over the same population (apart from Ireland). This time, the respondents were interviewed about their life history. Different fields such as childhood health, education, job career, family life, housing, and so on were surveyed and provide useful information on initial conditions and life course. In 2010, Greece dropped from the survey (as a consequence of the economic crisis) while Estonia, Slovenia, Hungary, and Portugal joined SHARE wave 4, which is the third regular panel wave of the survey following the SHARELIFE life history questionnaire.
The sample retained here is balanced; it is made of the three regular panel waves and a retrospective one. It is restricted to the 10 baseline countries, which did carry all of the four waves in northern (Denmark, Sweden, the Netherlands), continental (Austria, Germany, France, Belgium, Switzerland), and southern (Italy, Spain) regions of Europe. Finally, only full-rank data matrices are kept at each wave so that respondents with missing data are deleted. Our final sample consisted of 30,248 observations made of 7,562 individuals repeatedly surveyed each time during the first four waves of SHARE. In addition to these variables of interest, we controlled for several indicators of health status to take into account the need for care. A dichotomous variable was created for each of the following health measure: self-rated health (SRH) being fair or poor; multimorbidity for at least two chronic diseases; two or more functional limitations Katz's activities of daily living (ADLs) and Lawton's instrumental activities of daily living (IADLs); and the Euro-D measure for depressive symptoms (Prince et al. 1999) . A composite health index was derived from a multiple correspondence analysis of the previous health measures and a dichotomous variable is created for general "poor health." The multiple correspondence analysis (Greenacre 2006) results indicate that the first component captures most of the information in the binary health variables. Individual coordinates of the first axis thus provide a synthetic health index made of a nonlinear combination of the binary health variables. Since positive values and negative values of this index reflect general poor or good health, a binary index was derived for the sake of simplicity. The health index is made of the individuals' coordinates on the first axis as a data reduction approach. We substituted this health index for all health variables but frailty in another model to test for change in standard errors due to potential multicolinearity as there is a wide array of health measures in the covariates. As the results were identical, we are confident in our estimates with full health measure, which gives the reader a better appraisal on the economic importance of each health condition on hospital stay. This measure provided a good summary of trends in health over the period. Additional covariates include a measure of income adequacy on a 4-point scale, whether the household is able to make ends meet: 1-with great difficulty, 2-with some difficulty, 3-fairly easily, or 4-easily. Income adequacy is the only measure of economic well-being that
The Dynamics of Hospital Use among Older Peopleis consistent over the different waves of SHARE-as measures of income and assets changed between waves 1 and 2. Finally, we control for a variable measuring the presence of health problems in adult life. This variable is taken from SHARELIFE, the retrospective survey that took place in wave 3. Respondents were asked about their life history. "Health problems in adult life" is a binary index of health, taking the value 1 if the respondent reports any periods of ill health over the life-cycle (>1 year) or if she reports any physical injury over the lifecycle (>1 year). As health problems and hospital use in late life is found to be associated with health factors in early-and mid-life (Freedman et al. 2008 ), this variable is used as a proxy for hospital use before the start of the prospective panel.
METHODS
We used dynamic panel models for binary outcome. The simple estimation procedure suggested by Wooldridge contributed to render these methods increasingly popular in applied economics (Wooldridge 2005) . We followed a seminal application to health economics that was provided in previous research (Contoyannis, Jones, and Rice 2004) and recently applied to hospital care consumption (Kohn and Liu 2013) . Following that model, we used a dynamic specification by including an autoregressive one-period lag of the hospital use variable to reflect persistence, or state dependence.
Let y it denote the binary outcome of hospital stays for individual i, i = 1, . . . , N, at time t, t = 1, . . .,T. Let X it denote the full-rank data matrix of explanatory variables. We assumed additive unobserved heterogeneity in a dynamic probit model such as:
where c i is the unobserved individual specific term and Φ is the normal cumulative distribution function. Unlike in the static case, dynamic panel models typically rest on sequential moments restrictions (Chamberlain 1992) . However, the usual random effect assumption of strict independence between c i and X it is too strong in the case of individual micro-data. We therefore allowed some correlation between the unobservable and the explanatory variables in order to retain a more realistic assumption. Following previous research (Ilinca and Calciolari 2015) , we applied a Mundlak-Chamberlain device where the individual fixed effect is netted out using a constant and a timetrend:
where c i , the unobserved individual effect is replaced by its linear projection onto X i , the means of the regressors, and where w is the intercept, y i0 is the initial value of y it prior to the start of the survey, and a i represents the projection error. Our assumption is an application of the Mundlak-Chamberlain device where the individual fixed effect is netted out using a constant and a timetrend. An advantage of this methodology is that our model estimates are not subject to omitted variable bias as long as the omitted variables are time-invariant. In other words, controlling for gender, age, education, being a migrant, or other individual fixed effects would not modify the parameters of the timevarying variables. Similarly, average partial effects for the explanatory variables can now be interpreted as within estimates, just like an alleged "fixed effects probit" model would yield.
The use of y i0 prevents inconsistent estimates-known as the problem of initial conditions (Heckman 1981) . Although it is general practice to use the first wave observation as the initial value of the dependent variable, life-history data from wave 3 (SHARELIFE) allow us to use retrospective information as a good proxy for y i0 . Doing so, we kept the first regular panel wave for the analysis so that T = 3 is sufficient for a dynamic estimation. Indeed, panel data analysis requires at least two periods to analyze at least one transition, if the panel model includes a lagged variable, then another time period is needed. We opted for the variable health problems in adult life, a binary retrospective index of health taking the value 1 if the respondent reported any periods of ill health over the life-cycle (>1 year) or if she reported any physical injury over the lifecycle (>1 year). Lee (2005) points out that dynamic panel models usually rely on the implicit assumption that one lag of the dependent variable is sufficient to fully capture the dynamics of the process (Lee 2005) . Past hospital use may be associated with other health care use in the preceding period, especially specialist care since in some European countries, specialist care can only be found at the hospital. Put differently, it may also be that visit to GPs and SPs at t À 1 would be associated with hospital visit at t À 1, either as complement or substitute care to hospital visit (Carlsen et al. 2007; Ilinca and Calciolari 2015) . As a consequence, visit to GPs and SPs at t À 1 are included as control variables besides hospital visits at t À 1. In addition, visit to GPs and SPs at t are also included as determinants of hospital visits at time t. Other covariates include health measures, the variable of make-ends-meet, time dummies (to correct for the time-spell between regular panel waves 1, 2, and 4), and a constant.
We used simple structural coefficient tests to define our model specification. These tests supported the dynamic approach, failed to reject the Mundlak-Chamberlain device, and failed to reject the influence of initial conditions, meaning that a genuinely new process is observed at the beginning of the sample. We can easily extend the specification of (1) to achieve dynamic completeness; under assumption (2), this defines a latent variable regression model:
and
where Z it contains health measures, the variable of make-ends-meet, time dummies (to correct for the time-spell between regular panel waves 1, 2, and 4), and the constant w. We also assume that a i jX it $ N ðw þ X i n; r 2 a Þ and ɛ it $ N(0, 1). Practical estimation of d, b, ξ, ξ 0 , and r 2 a is straightforward using statistical routines for random effect probit models (e.g., -xtprobit-in Stata). In the detail, matrix d contains d y , d gp , d sp the coefficients of the respective lagged values of hospital visits, GP visits, and SP visits. Matrix b contains b gp , b sp , b z the coefficients of the respective values of GP visits, SP visits, and other covariates in Zit which are: health measures, the make-ends-meet variable, the wave dummies, and the constant. ξ is the matrix of coefficients associated with averaged values over time (Mundlak parameters) of GP visits, SP visits, health measures, and the make-ends-meet variable. n 0 is the parameter for the "health problems in adult life."
Simple structural coefficient tests provide useful guidance for model specification. First, H0: q = 0 favors the static model, while HA: q 6 ¼ 0 indicates state dependence and supports the dynamic approach. Second, H0: ξ = 0 can be interpreted as a pseudo-Hausman test for random effects since H0 indicates absence of correlation between c i and Z it , which clearly rejects the Mundlak-Chamberlain device in favor of the baseline random effects probit. Third, H0: ξ 0 = 0 rejects the influence of initial conditions, meaning that a genuinely new process is observed at the beginning of the sample.
We estimated two different models to explore two main research questions. First, we explored the determinants of hospital stays. We ran a static version of the probit model for panel data with the Mundlak-Chamberlain device (M1), a dynamic version with initial conditions and the lagged dependant variable, and with addition of lags of ambulatory care variables (M2). Note that average partial effects (APEs) are presented instead of coefficients for the sake of comparability across models. The validity of the dynamic panel model estimated on a balanced sample rests on the particular assumption that sample attrition is exogenous, meaning that results derived from a specific sample are independent to the reasons why some respondents dropped out of the survey. Under this assumption, estimates from the balanced and unbalanced samples should not be different. The three waves of regular panel in SHARE are reduced to two repeated observation points when one lag period is considered. As a consequence, the dynamic model cannot be estimated on an unbalanced sample, and the test procedure for exogenous attrition can only be based on the static model M1. In practice, balanced sample observations were duplicated within the working sample and the set of contemporaneous regressors is duplicated for balanced and unbalances samples. A dummy indicating whether the observation has been duplicated was added as a control variable and the model was estimated over the whole sample. Notice that time dummies were also included among the regressors. Inference on APEs between balanced and unbalanced subsamples is straightforward within this single model specification.
Our attrition test is based on a version of a Hausman test for nonresponse suggested by Nijman and Verbeek (1992) . Although the authors propose the test for nondynamic models, it is standard practice to use it in a dynamic framework (e.g., Contoyannis, Jones, and Rice 2004). There are two reasons for that. First, attrition test on a nondynamic panel model is less subject to bias, as it relies on a minimum number of two periods whereas a dynamic test makes use of at least three periods (two for the panel structure and one for the lag of hospital use). Second, if attrition is endogenous, that is, if it is related to our dependent variable, then a lag of hospital use takes into account some of the reasons why attrition occurs (or attrition on observables). Fitzgerald et al. (1998) proposed a test for "dynamic attrition" and discuss its relative merit in the case for selection on unobservables.
RESULTS

Descriptive Statistics
Figure 1 displays the value of the measures of health care use and health status for the same individuals over the four waves of SHARE. These measures are only available for the regular panel waves since wave 3 (SHARELIFE) was dedicated to life-history data collection. The general upward trend indicates both need for care and health care consumption increase as individuals are aging. The left-hand side graph in Figure 1 presents the distribution of the types of care used, with a wide access to GP (on average, 83 percent of the sample went to visit a GP between wave 1 and 4), and a more restricted consumption of specialist care (46.2 percent of the sample) and hospital stays (13.2 percent). Notice that the rapid surge in specialist care use (3.1 percentage points per wave) is found to be associated with the fast evolution of multimorbidity or other health measures. First difference estimates (conditional logit) indicate that after controlling for individual time-invariant characteristics, time trends, and the usual time-varying characteristics (financial situation, use of other health care resources: GP and hospital stays), health measures (a synthetic health index and the frailty phenotype) are strongly associated with visits to SP (p < 1 percent). Table 1 provides an overview of the average values of the variables at different points in time. Not surprisingly, care use (hospital, SP, and GP visits) is increasing in time, along with the levels of functional limitations (ADL, IADL, and frailty), depressive symptoms, and chronic conditions. Financial resources are stable over the study period. Conditional Evolution of Hospital Rates Table 2 presents the APEs of the determinants of hospital stays. Our static model (M1) estimates suggest that increase in hospital stays between waves is essentially associated with increase in the need for care; as most health measures are significant, apart from limitations with IADL (>10 percent) or ADL (<10 percent). Progression from "good health" toward poor SRH or multimorbidity increases the risk of occurrence of hospital stays by 5 and 3 percent, respectively. The presence of more than three depressive symptoms is associated with some 1.6 percentage point increase. Progression by one point on the frailty scale [0;5] is associated with an additional risk of about 2.1 percent on 
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(1) N = 7,562 (2) N = 9,444 individuals answer the survey at waves 1, 2, and 4. However, some respondents do not answer all the questions. Only 7,562 individuals answer all questions at all waves. As a consequence, the overall individual attrition rate is 20% (7,562/9,444) since missing observations at any wave lead to attrition in a balanced sample.
average. Consumption of alternative source of care is associated with hospital stays: APEs for visits to GP and SP are of 6.5 and 11.8 percent, respectively. Finally, the Pseudo-Hausman tests for the Mundlak-Chamberlain device in M1 rejects the random effect assumption (v 2 = 21.06; p < 1 percent), suggesting that the interpretation of the results should follow from a hypothetical "fixed effects probit model." The dynamic model (M2) provides three main additional results. First, we find evidence of persistence in the dynamics of hospital stays (APE = 5 The Dynamics of Hospital Use among Older Peoplepercent; p < 1 percent). Second, the static model (M1) fit can be improved by inserting lagged variables. Note that the significant influence of initial conditions in M2 increases confidence in the dynamic specification of the model as presample individual characteristics influence the dynamics of y it . Third, M2 also indicates that although model specification should be dynamic, a lagged dependent variable is not enough to capture the full dynamic of hospital stays. We find that the presence of previous visits to specialists contributes to reduce the probability of hospitalization. 
Testing for Exogenous Attrition
CONCLUSION
This study provides new evidence on the determinants of hospital admission rates in the general population over the recent years in Europe. We added two main contributions to the literature. First, we confirmed previous findings between healthy aging and hospitalization using a measure of frailty in the general population (Ilinca and Calciolari 2015) . Second, we enhanced that model by combining the various approaches found in the literature to develop a comprehensive model that explored the dynamics of care use (Kohn and Liu 2013) . We found that previous SP visits prevent future hospitalizations. This last result is of prior importance since it suggests a potential substitution effect between hospital care and specialist care. Indeed, outpatients' appointments are counted as SP visits: ambulatory specialists' visits are likely to substitute for hospital care, explaining the negative association with admissions.
Our results are consistent with previous research. Kohn and Liu (2013) have found similar persistence in the dynamics of health care use using British data. This confirmed the choice of a dynamic panel model specification. Ilinca and Calciolari (2015) have found similar association between frailty and hospitalization risks. This autonomous effect of frailty confirms that a share of the population with increasing risks of incapacity remains overlooked by means of the usual markers for incapacity, although these individuals have a higher propensity to experience hospital stays. In other words, the frailty index is an interesting potential candidate for screening subpopulations at risk who would usually fall out of the scope of prevention.
Our results support two main strategies that can be observed among European countries. The first one is essentially to promote early detection of frailty at the level of general practice to foster differential treatment in primary care. For instance, in France, a Platform for Evaluation of Frailty and Prevention of Disability has been created to identify the early signs of frailty and to design more effective interventions (Subra et al. 2012) . The second strategy consists in improving coordination between actors within the health system (or integrated care), and-what is yet much less of a priority of on-going reforms-to crucially tackle significant health inequalities in access to specialist care among the elderly. For instance, in the Netherlands, the Prevention and Reactivation Care Program and the Recovery Care Program represent personalized, integrated interventions for the prevention of functional decline after hospital stay, and the improvement of functioning for vulnerable elderly people.
Our results have important health policy implications, as they suggest that offering integrated solutions to frail elderly people would result in overall reduced hospital rates. This article brings support to the implementation of integrated solutions to prevent elderly people's hospitalizations. As frailty usually precedes dependence, health care planners show an increasing interest in developing interventions designed to prevent expensive care trajectories among frail people (De Lepeleire et al. 2009 ). There has been evidence that such interventions reduced the length of hospitalizations by more than 50 percent, leading to important cost savings (Brunenberg et al. 2005) . Consequently, the assumption that targeting frail adults could slow down the growth of health care spending among the elderly, mainly through a reduction of hospitalization rates, is appealing and has gained wide acceptance among policy makers. The emphasis is put on the role of GPs to identify frail older people to provide early intervention and/or multidisciplinary case management (De Lepeleire et al. 2009 ). Further research should
